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Remote sensing (RS) methods are recognized as a potential solution for the increasing need to
monitor peatland changes after restoration, but practical monitoring tools are lacking. To address
this gap, our objective is to (1) test which optical satellite variables can be used for detecting
hydrological restoration impact in treeless boreal peatlands, (2) develop a user-friendly Google
Earth Engine (GEE) application based on the results, and (3) demonstrate its usage in practice.
Firstly, by utilizing data from 24 peatland restoration sites in Finland, we used Mann-Whitney U
test and Kruskal-Wallis test to determine which optical variables calculated from Sentinel-2 and
Landsat 8-9 satellite imagery can be used as indicators for surface wetness changes after peatland
restoration. The results from statistical tests indicated that near-infrared (NIR) and shortwave
infrared (SWIR) bands were the most effective in detecting the impact. Secondly, we incorporated
the NIR and SWIR bands into the GEE application to indicate the location and magnitude of
restoration impact. The developed application uses a direct input from the openly available
satellite imagery archives and requires only a few inputs from the user for the case-specific
analysis, making it user-friendly. The application calculates cloudless and representative satel-
lite image mosaics and uses change detection for the situations before and after restoration to
show the hydrological restoration impacts spatially. The application provides researchers,
stakeholders, decision-makers, and practitioners with limited technical experience the possibility
to use satellite imagery for assessing restoration impacts in open or sparsely treed peatlands in
boreal landscapes.

1. Introduction

Peatlands support unique biodiversity and are important carbon storages and provide several other ecosystem services (Yu et al.,
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2010; Ramchunder et al., 2012; Bonn et al., 2016; Harris et al., 2022). However, human influence has caused peatlands to deteriorate
globally (Leifeld and Menichetti, 2018). Ecological restoration of peatlands has emerged as a strategy to safeguard biodiversity and
ecosystem functioning (Suding, 2011), to reverse degradation, and to recover the peatland ecosystems towards a pristine state (Gann
et al., 2019).

Peatland restoration activities are projected to increase; for example, in the European Union, the Nature Restoration Law aims to
restore 90 % of ecosystems in poor condition by 2050 (Regulation (EU) 2024/1991). Based on initial estimates, in Finland alone, up to
2.6 million ha of peatlands may need to be restored (Rasanen et al., 2023). The law also states that restoration measures need to be
monitored and validated. Therefore, new cost-efficient monitoring methods are needed so that stakeholders and practitioners can
evaluate the effectiveness of the restoration efforts.

In northern Europe, especially in Finland, forestry drainage has been a major factor contributing to the peatland degradation
(Vasander et al., 2003; Minkkinen et al., 2008). Forestry drainage lowers the water table, which in turn initiates a shift in plant
communities towards drier forest vegetation (Laine et al., 2006; Maanavilja et al., 2014). The drainage also has catchment-level effects
as it changes the water flow routes (Holden et al., 2006; Menberu et al., 2018; Sallinen et al., 2019). This causes major ecohydrological
changes, particularly in minerotrophic peatland complexes known as aapa mires, in which vegetation patterns rely heavily on
snowmelt input and runoff from the catchment area upstream (Sallinen et al., 2019, 2023). Recent studies in several aapa mires
indicate that the wet central areas consisting of flark fens are changing towards drier bog-like vegetation, probably as a result of
decreased surface-water input and climate change (Tahvanainen, 2011; Kolari et al., 2022; Granlund et al., 2022; Heikkinen et al.,
2023).

Restoration of forestry-drained peatlands is typically conducted by measures primarily aiming at recovering the hydrology, such as
infilling and damming the drainage ditches (Andersen et al., 2017), and in minerotrophic fens by directing upslope water flow routes
back to the peatlands, including the affected areas that have not been directly drained (e.g. Ikkala et al., 2022; Isoaho et al., 2024b).
Hydrological restoration raises the water table, enabling a shift towards vegetation communities which thrive in wetter conditions (Elo
et al., 2025). Since these measures do not always work as intended (Isoaho et al., 2023, 2024b), every conducted measure needs to be
assessed. This is currently done in the field (Simila et al., 2014; Granqvist, 2024) which is time-consuming and expensive due to the
large restoration areas and remoteness of the sites, further highlighting the need for new cost-effective and spatially representative
monitoring methods.

Remote sensing (RS) has been suggested as a potential tool to answer the needs for large-scale monitoring (Ikkala et al., 2026). It
can produce spatiotemporally comprehensive data which can be linked to ecosystem structure and functioning. For example,
drone-based methods can be used to produce accurate spatial distribution maps of vegetation patterns (Rasanen et al., 2020; Steen-
voorden and Limpens, 2023) and surface wetness (Isoaho et al., 2023; Villoslada et al., 2023). However, drone flights are usually
conducted in relatively small areas due to technical limitations such as battery life, and they require a field visit; thus, they do not
remove the challenges related to the remoteness of the restoration sites. Instead, medium to high spatial resolution (10-30 m) satellite
imagery has successfully been used for large-extent assessments (Ball et al., 2023; Isoaho et al., 2024a; Rasdnen et al., 2025; Ikkala
et al., 2025). While medium resolution fails to capture the spatial heterogeneity of peatlands (Steenvoorden and Limpens, 2023), it can
be used to upscale the field-assessed changes in surface wetness (Burdun et al., 2023; Isoaho et al., 2024b) and vegetation (Kolari et al.,
2022; Isoaho et al., 2024a; Rasanen et al., 2025). In particular, optical satellite imagery has been proven successful in capturing
post-restoration changes in boreal peatlands (Isoaho et al., 2024a, 2024b; Rasanen et al., 2025). Decreases in visible, near-infrared
(NIR), and shortwave-infrared (SWIR) spectral reflectance seem to indicate the increase in surface wetness (Sadeghi et al., 2015;
Isoaho et al., 2023). Additionally, several moisture and vegetation indices, such as Moisture Stress Index (MSI), Normalised Difference
Moisture Index (NDMI), and Normalised Difference Vegetation Index (NDVI) have been shown to correlate with peatland wetness
(Meingast et al., 2014; Kalacska et al., 2018; Simanauskiené et al., 2019; Karlqvist et al., 2024). Therefore, optical satellite data could
enable straightforward peatland wetness monitoring applications.

Google Earth Engine (GEE; Gorelick et al., 2017) has emerged as a powerful tool for handling large satellite imagery datasets. It has
been used for preprocessing and gathering satellite imagery for different peatland studies (Burdun et al., 2023; Isoaho et al., 2024b;
Rasanen et al., 2022, 2025), and its capabilities to build applications with a simple user-interface have been demonstrated (Murray
et al., 2018; Mhawej and Faour, 2020; Riggs et al., 2022; Alzurqani et al., 2024; Li and Demir, 2024; Alirio et al., 2025). GEE ap-
plications can conduct relatively complex processing steps while requiring only a few inputs from the user. However, there is a lack of
GEE applications that restoration practitioners with limited technical expertise can use for restoration impact assessment in treeless
boreal peatlands. In particular, applications for assessing surface wetness changes are lacking, even though hydrological monitoring
has been shown to be feasible with satellite imagery. To address the above-mentioned gap, we used expert knowledge regarding
peatland restoration, GEE cloud computing capabilities, and statistical methods to (1) examine which optical bands or indices detect
successful hydrological restoration in treeless areas of boreal peatlands, (2) develop a user-friendly GEE application based on the
results, and (3) demonstrate the usage of the application in practice.

2. Materials and methods
2.1. Study sites
We studied 24 open peatlands, mostly aapa mires, located in the middle and southern boreal regionin Finland (Fig. 1A; Table S1).

The average annual temperature of the study sites (1991-2020) ranges between 2.0 and 4.9 °C whereas the average annual precip-
itation ranges from 604 to 703 mm (Aalto et al., 2016). All study sites are minerotrophic boreal peatlands with wet flark fen areas in the
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middle and drier peatland types surrounding the wettest areas (Laitinen et al., 2005, Fig. 1B). Flark fen areas consist of water-filled
depressions called flarks alternating with drier hummock strings. The vegetation of flark fens typically consist of different Carex
and Sphagnum species and even some shrubs in drier strings, but the flarks can often lack vegetation cover (Rasanen and Virtanen,
2019; Kolari et al., 2022; Granlund et al., 2022). In contrast, the edge areas of the study sites are typically drier with a gradual change
towards more treed peatland types.

Before restoration, all sites were mostly directly undrained, but drainage in the upper catchment and in the adjacent areas had
decreased incoming surface water flows, causing changes in vegetation and surface wetness (Sallinen et al., 2019; see Fig. 1B). The
sites were restored by directing water back to the peatlands with water-directing ditches, which cost-effectively reconnected the
peatlands to their upper catchments (Isoaho et al., 2024b, Fig. 1B). The restoration measures were conducted between 2018 and 2023,
and the first spring after restoration was defined as the start of the restoration impact.

2.2. Satellite imagery

We used Sentinel-2 (S2) Level 2A reflectance product and Landsat 8-9 (L8-9) Collection 2 Level-2 product within GEE from the
growing seasons of 2014-2024. First, we filtered out imagery with cloud coverage of over 50 % and 30 % for S2 and L8-9, respectively,
based on image metadata. Lower thresholds, such as 20-30 % are often used for S2 (e.g. Rasanen et al., 2022; Isoaho et al., 2024b).
However, we wanted to maximize the number of observations, similarly to Jussila et al. (2023), as the area is characterized by frequent
cloudiness which can lead to a lack of data if too low threshold is selected for image filtering. We used different cloud coverage
thresholds for S2 and L8-9 because of different cloud and snow masking algorithms used for the two datasets. For S2, we used
CloudScore + as it has outperformed the other state-of-the-art cloud masks and it has an operational implementation in GEE
(Pasquarella et al., 2023). Based on our preliminary tests and visual interpretation, a threshold value of 0.8 in cs_cdf layer effectively
masked clouds and shadows without masking many good-quality pixels. For example, a smaller value of 0.7 allowed cloud and cloud
shadow borders to bypass the mask in some cases, while a value of 0.9 overly masked cloud-free pixels. As CloudScore + does not mask
snow, we used Scene Layer Classification for snow masking. For L8-9, we used Quality Assessment pixels to mask all clouds, cloud
shadows, and snow as CloudScore+ was available only for S2.

To improve the cross-comparability of S2 and L8-9, we harmonised the datasets. A typical approach is to use the harmonisation
coefficients from the literature (e.g. Zhang et al., 2018). However, we wanted to optimise the harmonisation to open peatlands in
Finland, but there were no existing coefficients available. Therefore, we empirically developed band-specific intercepts and slopes
using 7500 randomly distributed 30 m radius buffers across open peatland areas in Finland (Section S1 in Supplementary material,
Fig. S1, Table S2) and harmonised L8-9 to match the S2 data. Finally, to reduce spatial artefacts caused by different pixel sizes of S2
(10-20 m) and L8-9 (30 m), we resampled the L8-9 bands to the same pixel size and spacing as the S2 bands with bicubic interpolation.
We note that a more comparable dataset would be constructed by e.g. average-resampling S2 to L8-9 resolutions. However, we wanted
to preserve the resolution advantage of S2 for visualisation purposes as it better captures the spatial heterogeneity of peatland surface.

We used a pixel-by-pixel 40th percentile approach (Pitkanen et al., 2024) to construct cloudless and representative pre- and
post-restoration satellite images. For the pre-restoration image, we used all processed images from five years prior to the first
restoration-impact year (—5 to —1 years); for the post-restoration image, we used all processed images up to five years after the
restoration impact (0—4 years). However, we did not include 2018 due to the prevailing drought that year (Rinne et al., 2020; Jussila
et al., 2023), as extremely dry conditions would lead to a systematic shift of reflectance values. We used only those post-restoration
years that were available during the study; e.g. if first restoration impact was defined as year 2023, the post-restoration image was
constructed using data from years 2023 and 2024. Finally, we used data only from early summer (1 May — 15 June) to construct images
with relatively wet conditions right after the snowmelt (Sallinen et al., 2023) when the restoration impacts on surface wetness are the
most visible (Isoaho et al., 2024b). While this does not necessarily indicate how well the restoration functions during drier conditions
in the later summer, it is still consistent with the follow-up monitoring of the peatland restoration in Finland, which is conducted
during spring to assess the effectiveness of restoration measures, e.g. dam failures, in wetter conditions (Simila et al., 2014).

For the change detection of the constructed representative images, we calculated several indices widely used in peatland and
wetness studies (Table 1). We also used several single bands which have been shown to be effective wetness and vegetation indicators
in relatively open peatlands (Kolari et al., 2022; Isoaho et al., 2024b; Rasanen et al., 2025). We produced change maps in which the
pre-restoration image was subtracted from the post-restoration image to show where the reflectance and index values had decreased or
increased.

2.3. Statistical analyses

To assess which RS variables respond to increased surface wetness, we used three types of areas (i.e. treatments) to conduct sta-
tistical tests in our study sites (Fig. 2). To form the first and second treatment, we placed circular 30 m radius buffers at the downslope
ends of the water-directing ditches (n = 199) that were further divided into successful (n = 166) and unsuccessful (n = 33) restored
areas based on our visual interpretation of National Land Survey of Finland aerial imagery and expert judgment in the field. The
successful ditches were able to direct water to the peatland, making the area at the end of the ditch wetter, while the unsuccessful
ditches did not increase the wetness. The third treatment was constructed by randomly distributing control buffers (n = 193) of the
same size in the same peatlands, with their centroids located at > 300 m distance from the conducted measures, >50 m distance from
open peatland area boundary, and >100 m distance from each other. It is possible that the restoration could have an effect within the
control buffers, as we placed them within the restoration sites. However, recent studies have indicated that the immediate hydrological
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Fig. 1. Study site locations across Finland (A), and an example of water-directing ditches as a restoration method at Karhusuo, Pudasjarvi Finland (26.731°E, 65.473°N) (B). The ditches can be seen as
narrow dark-coloured lines directing water from the upslope treed area to the open peatland. The study sites’ coordinates can be found in Table S1. Peatland drainage status raster (A) is open data from
Finnish Environment Institute. Background aerial image (B) is open data from National Land Survey of Finland.
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Table 1
The used remote sensing bands and spectral indices with their equations. Justifications for the remote sensing variables are in Table S3.
Variable Abbreviation Equation Reference
Blue reflectance Blue
Green reflectance Green
Red reflectance Red
Near-infrared reflectance NIR
Shortwave infrared band 1 reflectance SWIR1
Shortwave infrared band 2 reflectance SWIR2
Shortwave infrared transformed reflectance STR (1 — SWIR1)? Sadeghi et al. (2015)
2*SWIR1
Normalised Difference Vegetation Index NDVI NIR — RED -
m Tucker (1979)
Enhanced Vegetation Index EVI o.5% NIR — RED Liu and Huete (1995)
" NIR + 6*RED — 7.5*Blue + 1 ‘ h
Soil Adjusted Vegetation Index SAVI . NIR — RED
. m Huete (1988)
Normalised Difference Water Index NDWI GREEN — NIR
GREEN + NIR McFeeters (1996)
Modified Normalised Difference Water Index MNDWI GREEN — SWIR2 .
GREEN + SWIR2 Xu (2006)
Normalised Difference Moisture Index NDMI NIR — SWIR1
NIR + SWIR1 Gao (1996)
Normalised Difference Moisture Index 2 NDMI2 NIR — SWIR2 X
NIR 1 SWIR2 Gao (1996)
Moisture Stress Index MSI SWIR1
NIR Vogelmann and Rock (1986)

Y

Sentinel-2 Level-2A

reflectance product %

\ J Filter clouds, cloud 40th percentile

shadows, and snow. 5
calculations before
7\ |Harmonise datasets and after restoration
Landsat 8 and 9
Collection 2 Level-2
reflectance product

.

Spectral indices from Change detection
percentile mosaics images

Mann-Whitney
U-test

Kruskal-Wallis
test

30 m radius
buffers for
successful,
unsuccesful, and
control areas

Fig. 2. Methodological flowchart describing the empirical study for finding optical satellite-based indicators to assess the success of hydrological
peatland restoration.

impact area of water-directing ditches is relatively small (Isoaho et al., 2023, 2024b) and our sampling rules should allocate the buffers
outside the immediate impacts.

We tabulated data from before- and after-restoration 40th percentile mosaics by calculating mean value of pixels within the placed
buffers from each study site. For the before-after assessment and for every RS variable separately, we performed a Mann-Whitney U test
to assess which RS variables captured changes between the before and after situations in different treatments. To find which variables
best explained variation in the different treatments, we conducted a Kruskal-Wallis test using the calculated before-after difference for
each RS variable. We interpreted the results of the statistical tests, i.e. p-values and test statistics, to choose which RS variables best
captured the changes after restoration and differences between the treatments. We conducted statistical analyses in R (version 4.2.1; R
Core Team, 2022) and created result graphs with ggplot2 package (Wickham, 2016).

3. Results and discussion
3.1. Best indicators for hydrological restoration success
All tested variables showed statistically significant differences between pre- and post-restoration data in the successfully restored

areas (Fig. 3, Table 2). In general, restoration decreased the reflectance of single bands and vegetation index values, which is consistent
with e.g. Kolari et al. (2022) and Isoaho et al. (2023) who have reported a negative correlation between increased wetness and single
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bands. For wetness and water indices, both increases (NDWI, MSI) and decreases (MNDWI, NDMI, NDMI2) were observed. These
changes are partly consistent with e.g. Kalacska et al. (2018) who have reported negative correlation between NDMI and peatland
water table, and Rasanen et al. (2025) who have shown that NDMI decreases in nutrient-rich open mires after restoration. However, in
our results, MSI responded contrary to existing literature, which has indicated a negative correlation between MSI and peatland
wetness (e.g. Meingast et al., 2014; Karlqvist et al., 2024).

Generally, statistical significances were stronger (p-value smaller) for single bands than for spectral indices. Additionally, only one
third of the variables (NIR band, vegetation indices and NDWI) showed statistically significant differences between pre- and post-
restoration situations in the unsuccessfully restored areas. This was surprising as we expected that all RS variables could detect
some change in the unsuccessfully restored areas because the water-directing ditch itself should change the reflectance values within
the area, even if it fails to increase the surface wetness downstream (Isoaho et al., 2023).

In the control areas, single bands did not show statistically significant differences between before- and after-restoration data, but
most of the indices did. Furthermore, almost all spectral indices showed stronger statistical significance in the controls than in the
unsuccessfully restored areas, while NDVI also showed a more significant change in the controls than in the successfully restored areas.
Therefore, the spectral indices seem to detect changes in the control areas even though these areas should not have undergone sub-
stantial wetness changes during the monitored period. This is a surprising result, as it could be assumed that the restoration affects the
reflectance within the impacted areas quite considerably; however, the reflectance in the control areas should not change substantially
as immediate hydrological impacts of water-directing ditches are relatively small-scale, i.e. less than a few hundred metres from the
ditch (Isoaho et al., 2024b). In the future research, it could be studied if the vegetation indices might capture slow vegetation changes
during the monitoring window.

The highest H-statistic value from the Kruskal-Wallis test (i.e. the largest difference between the treatments) was achieved for the

Blue Green Red
L] (]
0.051 L2 00754 - 0.100-
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(O)gf 1 0.025 A 0.025 -
) Successful Unsuccessful ~ Control Successful Unsuccessful ~ Control Successful Unsuccessful ~ Control
NIR SWIR1 SWIR2
(] L]
0.3 0.204 $
] * 0.10- *
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Fig. 3. Boxplots of spectral bands and indices across different treatments before and after restoration. Abbreviations are explained in Table 1. Each
boxplot contains reflectance or index values extracted from a 30 m radius buffer area before (red) and after restoration (blue).
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Table 2
Mann-Whitney U test p-values in scientific notations between before- and after-restoration time windows with different var-
iables and treatments. Stars indicate *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001. Abbreviations are explained in

Table 1.

Variable Successful Unsuccessful Control
Blue 1.9E-19%¥#** 5.1E-01 2.2E-01
Green 8.3E-27% %% 1.3E-01 9.7E-01

Red 4.9E-23%* %% 4.4E-01 3.6E-01

NIR 4.7E-35% %% 4.0E-02* 1.2E-01
SWIR1 1.7E-29%%#* 5.6E-02 2.8E-01
SWIR2 5.7E-24 %% 1.8E-01 9.3E-02
STR 1.7E-29%*%* 5.6E-02 2.8E-01
NDVI 5.6E-05%%** 3.8E-04*** 2.2E-10%%**
EVI 5.0E-33%¥#* 1.1E-03** 7.0E-03**
SAVI 8.6E-33" 1.2E-03** 6.1E-03**
NDWI 4.8E-18" 1.5E-03** 1.2E-05%***
MNDWI 4.5E-03** 8.5E-01 5.1E-02
NDMI 3.6E-09**** 2.7E-01 3.9E-03**
NDMI2 4.9E-10%%** 2.3E-01 1.8E-03**
MSI 3.6E-09%*** 2.7E-01 3.9E-03**

NIR band by a relatively large margin over the second highest-scoring variable (SWIR1; Fig. 4). NIR and SWIR1 were followed by the
rest of the single bands, STR, SAVI, and EVI. The rest of the spectral indices had considerably smaller H-statistics, while MNDWI did not
have a statistically significant result (p-value was >0.05). Generally, these results indicate that NIR and SWIR1 best captured variation
in the before-after differences in the different treatments. Furthermore, other spectral bands showed a similar but weaker impact than
NIR and SWIR1. Spectral wetness indices seemed to work poorly as they captured differences between the treatments with small H-
statistics. In contrast, vegetation indices EVI and SAVI worked quite similarly to the single bands. This has also been observed in
previous studies, indicating that spectral wetness indices do not necessarily work as wetness indicators in boreal aapa mires as suc-
cessfully as the single bands (Kolari et al., 2022; Isoaho et al., 2024b; Keranen et al., 2024). Overall, the results imply that the single
bands work better than the spectral indices when assessing the immediate hydrological restoration impact in treeless boreal peatlands.

Previous studies have emphasized the importance of the NIR region for monitoring aapa mire wetness (Kolari et al., 2022; Keranen
et al., 2024). This is also supported by our results, which further confirms that single bands can best detect spatial and temporal
wetness changes. Additionally, the SWIR region has been associated with wetness changes in boreal peatlands (Rasanen et al., 2022;
Jussila et al., 2023; Isoaho et al., 2024b). While NIR seemed to work best in our case, SWIR1 also quite well detected variation between
the treatments. Therefore, if only two variables were chosen, NIR and SWIR1 would be the best indicators for assessing spatial
restoration success of surface wetness in open parts of boreal aapa mires.

3.2. Description of google earth engine application

We developed a GEE application based on the results of the statistical tests and incorporated the best performing satellite variables
(NIR and SWIR1) as indicators of the restoration impact into the application. The application uses the same approach for collecting and
processing S2 and L8-9 imagery as described in Section 2.2. The application operates through a user-friendly interface in which the
user defines (1) an area of interest using a point and (2) the year of the first spring after the restoration (Fig. 5). The user can choose

Remote sensing variable
m
<

B
NDWI .
NDMI2 .
NDMI .
mnowi1 [
0 50 100 150 200
H-statistic

Fig. 4. Kruskal-Wallis H-statistics of optical bands and indices between the difference (after - before) and treatments. Blue bars are statistically
significant H-statistics (p-value <0.05) and the white bar (MNDWI) is not. Abbreviations are explained in Table 1.
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whether they want to use the harmonisation coefficients for Finnish open peatlands developed in this study (Table S2) or the general
coefficients developed for global applications based on data from southern Africa (Zhang et al., 2018). While we did not test the global
coefficients in the empirical study, it is worth noting that S2 covers most of the data and L8-9 only supplements it (see Table S4);
therefore, the differences in representative images between the two harmonisation options are probably quite small. Executing the
application generates representative false-colour images for the situations before and after restoration (i.e. the user-defined year) as
well as NIR- and SWIR1-change images, by default within a 3 km radius buffer around the user-defined point. The buffer radius can be
changed in the user interface. Additionally, the application produces time series plots of the NIR and SWIR1 values from 1 May to 31
August each year from 2014 to the present, using a 30 m radius buffer around the user-defined point.

3.3. Demonstration of application

Here, we show the usage of the application with the sites Peurasuo (first restoration-impacted year 2021), Karhusuo (2022),
Pesaneva (2023), and Tormaisenrimpi (2024; Fig. 6) selected from our original sample of 24 sites (Fig. 1, Table S1). We chose these
sites to show how different restoration years and outcomes affect the results and to demonstrate the use of the application in restored
boreal peatlands. At Peurasuo, the restoration measures included ditch infilling in addition to water-directing ditches, and at all sites
except Pesaneva, tree felling was also carried out outside the open peatland area.

The GEE application results revealed spatial variation in restoration effects (Fig. 7). Some of the restoration measures had relatively
large impact areas, while others showed increased surface wetness only within a limited spatial extent. Some systematic changes in the
reflectance values caused by annual variation could also be seen. In Peurasuo, water-directing measures decreased NIR and SWIR1
reflectance broadly in the northeastern part of the site. Other parts of the site experienced fewer changes but e.g. the western areas,
which have undergone ditch infilling, changed similarly to the areas affected by water-directing ditches. In Karhusuo, water-directing
measures showed clear reflectance decrease patterns in the ditch-impacted areas, while the rest of the site had increases in reflectance,
except for some areas close to a pond in the southeast corner of the area. In Pesaneva, the water-directing measures in the eastern part
of the site seemed to have a spatially extensive impact area, as did the westernmost directing measure. Two measures in the south
seemed not to have worked as intended. Additionally, there were clear changes in the northwestern part of the site even though no
restoration measures were nearby. In Tormasenrimpi, both water-directing ditches seem to have decreased the reflectance; especially,
the western one had a relatively large impact area (approximately 5 ha) based on visual interpretation.

Overall, the developed GEE application can be used to determine (1) if a restoration measure has successfully increased the surface
wetness of the site, and (2) the spatial extent of the restoration-impacted area. This semi-automated procedure is particularly beneficial
for restoration practitioners who need to assess whether specific restoration measures work as intended. For example, Metsahallitus
Parks & Wildlife Finland, which implements peatland restoration on nature conservation areas owned by the Finnish state, instructs
that follow-up monitoring needs to be conducted in every restoration site (Simila et al., 2014). Additionally, the nature restoration law
requires active post-restoration monitoring (Regulation (EU) 2024/1991). Therefore, the developed application can significantly
improve the quantification of the extent of restoration impact areas and help with the planning of field assessments, thereby saving
resources. In addition, the application can be used by landowners and other stakeholders who are interested in peatland restoration as
well as in its spatial impacts and outcomes.

Although we focused on the restoration impacts of water-directing ditches in open peatlands, we have also noticed that the
developed application can, to some extent, detect the rewetting effects of damming and filling of drainage ditches in partly treed
peatlands (Fig. 7, western part of Peurasuo). This could also enable a more general assessment of mire restoration, but these results
must be interpreted with caution, as this aspect should be further developed and tested. The application can also potentially be applied
to detect post-rewetting changes in other open landscapes such as agricultural peatlands and peat extraction sites (Andersen et al.,
2017; Chimner et al., 2017).

The information provided by the application can also be supplemented by field observations. This connection can be bidirectional:
either the application identifies the locations that need to be checked in the field or the application is used to quantify the spatial extent
of the changes observed in the field (Isoaho et al., 2024c). In both cases, the use of our GEE application provides a fast approach and
substantial assistance for evaluating restoration success.

3.4. Limitations and outlook

We have shown that satellite imagery is suitable for monitoring the restoration of open mires. However, our study also has its own
limitations. We conducted tests only in Finland as we wanted to focus on developing an application that works for Finnish practi-
tioners. This means that results from other parts of the boreal zone and especially other biogeographic regions need to be interpreted
with caution. Additionally, sites to be studied with our method need to be relatively treeless and possibly relatively wet. Tree cover
hides the peatland surface, which limits wetness monitoring (Burdun et al., 2023), and the relationship between water table and
remote sensing proxies diminishes when the water table decreases too deep due to the loss of capillary connections (Asmuf} et al., 2019;
Burdun et al., 2023; Ikkala et al., 2025). This further limits the applicability across different peatland sites and types.

Interpreting surface wetness changes can also be challenging. Increased wetness is often visible as inundated surfaces, which are
easily observed in the images, but in some cases, the increase in wetness occurs below the peatland surface. In the latter cases, the
peatland surface often appears darker, but not always (i.e. the reflectance is not necessarily lower) after increased wetness (Chasmer
et al., 2020; Kolari et al., 2022; Isoaho et al., 2023). This complicates the analysis and emphasises the need for additional information
about the site and its vegetation to obtain a more reliable interpretation of the images.
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Fig. 6. Selected sites for demonstration labelled as Peurasuo (26.511°E, 64.075°N) (A), Karhusuo (26.731°E, 65.473°N) (B), Pesaneva (24.854°E,
63.799°N) (C), and Tormasenrimpi (26.516°E, 64.252°N) (D). Background aerial images are open data from National Land Survey of Finland.

In the future, more satellite-based variables could be tested for assessing hydrological restoration success. For example, we did not
test the usability of optical trapezoid model (OPTRAM; Sadeghi et al., 2017) because it requires local parameterisation. While Réasanen
etal. (2022) and Burdun et al. (2023) have highlighted its functionality with temporal water table dynamics in boreal peatlands, local
parameterisation leads to variation in value ranges between different sites. Therefore, OPTRAM dynamics are not globally comparable,
which hampers OPTRAM’s usability in automated applications with a predefined visualisation palette and range. Moreover, widely
inundated areas, such as flark fens in aapa mires, are not suitable for OPTRAM (Sadeghi et al., 2017). While OPTRAM-2 was developed
to overcome the gap in inundated areas (Sadeghi et al., 2023), it still requires additional local calibrations, making it less suitable for
the developed application.

Additionally, we did not test Sentinel-1 C-band synthetic aperture radar (SAR) imagery for the change detection. While previous
studies have shown that SAR backscatter is connected to peatland water table dynamics (Bechtold et al., 2018; Asmup et al., 2019),
optical imagery has outperformed it in studies conducted in boreal peatlands (Rasanen et al., 2022; Isoaho et al., 2024b). Furthermore,
SAR backscatter does not change linearly: increased wetness first increases the amount of backscatter up to inundation, after which the
backscatter drastically decreases due to specular reflection (Sass and Creed, 2008; Schultz et al., 2023). In the wettest parts of boreal
aapa mires, the water level is above the peatland surface or restoration can sharply raise the water onto the surface (Menberu et al.,
2016; Isoaho et al., 2024b), making change detection with SAR suboptimal for restoration impact assessment.

Further complexity for the change detection approach arises from the fact that NIR reflectance is linked not only to wetness but also
to the greenness of the vegetation. Kolari et al. (2022) studied a case where a flark fen area in an aapa mire gradually became
overgrown with mire vegetation dominated by Sphagnum mosses. The site remained wet, but NIR levels increased as open water
surfaces became covered with vegetation. This must also be considered when studying the effects of restoration. As we have shown
above, a decrease in NIR reflectance indicates an increase in surface wetness and, therefore, the success of hydrological restoration.
However, the increased wetness is expected to be followed by a vegetation recovery (Elo et al., 2025), which in turn can potentially be
seen as an increase in NIR reflectance (Rasanen et al., 2025). This change can be mistakenly interpreted as a drying of the mire,
although it is an important part of the restoration process.

Finally, we highlight that the application was developed for assessing hydrological impact during peak wetness. This best enables
the practitioners to assess whether hydrological restoration measures work as intended (Simila et al., 2014). From an ecohydrological
perspective, the monitoring of drought periods from midsummer could be more interesting as restored forestry-drained peatlands have
been observed to be hydrologically less resilient than pristine mires (Ikkala and Simild, 2024). However, changes in deep water tables
might be very difficult to monitor with remote sensing as discussed above.

4. Conclusion

We have assessed different optical satellite variables for peatland restoration impact assessment of boreal treeless sites and
developed a GEE application based on our results. We have demonstrated that single bands, especially NIR and SWIR1, detect hy-
drological restoration impact areas better than other optical RS variables. The developed application has a user-friendly interface to
enable access for users with limited RS knowledge. It generates and shows representative before and after false colour images as well as
change images in NIR and SWIR1 bands. The application is ready to be used in operational aapa mire restoration impact assessments
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Fig. 7. Restoration impacts in the demonstration sites (see Fig. 6). The representative before and after restoration images (on the left) are false-
colour visualisations built with NIR, Red, and Green bands. The band-specific change images are shown on the right. In general, increased
wetness in open peatland area decreases reflectance (darker areas in the false-colour images, see the zoomed examples; negative NIR or SWIR
changes shown as blue). The developed Google Earth Engine application uses the same visualisation styles. Note that the representative post-
restoration images here include data up to June 15, 2024.

and could be further tested and developed for monitoring the restoration of other types of peatlands and ecosystems.
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